Introduction
There have been many studies which investigate whether dietary intake is a causal agent in the development of certain chronic diseases. A major obstacle in such studies is the inability to measure average long term dietary intake precisely. The most commonly used measurement instrument in nutritional epidemiology studies is a food frequency questionnaire. Questionnaires are sometimes compared to food records, which are generally thought to be more accurate, see Willett et al. (1985) . This comparison is made in an e ort to validate the use of a questionnaire as a measure of average long term dietary intake. The major purpose of this paper is to describe methods for examining the bias of food frequency questionnaires, taking food records to give unbiased estimates of dietary intakes.
Using a questionnaire to measure long term nutrient intake creates two separate but related problems. First, it has been shown that the power of a cohort or case-control study to detect a relationship between dietary intake and disease is a ected by measurement error, see Byar & Freedman (1989) and Freudenheim & Marshall (1988) . Second, it has been shown that if the questionnaires have a di erential bias depending upon the amount of dietary intake, then the power of a cohort or case-control study is also a ected, see Freedman et al. (1990) . Freedman et al. (1991) where Y ij is a scalar which represents the j th replication of a questionnaire taken on the i th individual, W ij is the vector (1; w ij ) t with w ij representing the j th replication of a food record taken on the i th individual, X i is the vector (1; x i ) t where x i is the unobserved average long term intake of the i th individual and = ( 0 ; 1 ) t . Further, m = m 1 + m 2 + m 3 , m 1 = number of observations on the questionnaire alone, m 2 = number of observations where the questionnaire and the food record are observed proximally in time and m 3 = number of observations on the food record alone. The random errors are r i = deviation of individual from the average relationship between Y and X, ij = within-individual randomness in the questionnaire, U ij = (0; u ij ) t , where u ij represents the within-individual randomness in the food record.
The expected value of the questionnaire is 0 + 1 x;i , where x;i is the average long term dietary intake for the i th individual. Hence, outside of the constant 0 the amount of bias in a questionnaire is determined by the slope parameter 1 . If 1 < 1 then, outside of the constant 0 , questionnaires systematically underreport large dietary intakes. Our concern with 1 is motivated
by the e ect of underreporting on the power to detect the e ect of a nutrient on a certain disease.
In the case where we assume that 1 = 1 but in reality 1 < 1, a test for such nutrient intake e ect on disease would be over{powered and hence we could reduce the sample size to achieve an adequate and predetermined power. See the discussion section of Freedman et al. (1990) . Freedman et al. (1991) show that because of measurement errors, the ordinary least squares estimate of the slope 1 is biased. They also describe a simple estimation method to correct for this bias, see the next section for details. However, their model requires that there be no substantial time trends in the food records or questionnaires, an assumption which can be problematic.
In this paper, we are concerned with the possibility of time trends in the measurements. There are two major reasons for such time trends. First, some studies take place over a period of years, and diets may change over the course of the study. Second, measurements might be taken at di erent times of the year, and it is known that diets di er on the basis of seasonal factors.
We give two examples of this phenomenon. The rst involves data from the Vanguard phase of the Women's Health Trial, see Henderson et al. (1990) . The data consist of n=86 women in the control group with complete data on food records taken at baseline, 6, 12 and 24 months into the study and food frequency questionnaires recorded at 12 and 24 months. We have edited the data to remove a few subjects with outlying values. Table 1 displays sample means of the food records at baseline, 6, 12, and 24 months; Table 2 shows the sample variances. Table 1 indicates trends in the mean intake, while Table 2 suggests that for some nutrients the baseline variance is di erent from the other variances. To be more speci c, for calories, log(1+calories), and log(1+saturated fat) we nd that all nonbaseline means are statistically signi cantly di erent from the baseline mean. However, no nonbaseline mean is signi cantly di erent from any other nonbaseline mean.
For speci c examples of variance time dependencies we point to % calories from fat and log(1+saturated fat) in Table 2 , where we nd a variance at baseline that is qualitatively smaller than the variances at nonbaseline times.
The baseline di erences could also arise because entry into the study required a diet of at least 38% calories from fat as predicted from a study screening questionnaire (not the food frequency questionnaire). Hence we might expect some regression to the mean in % calories from fat and, since it is closely related, in saturated fat.
A second example is the Finnish Smokers' Study (Pietinen, et al., 1988) . In this study, an initial food frequency questionnaire was given, followed by a series of 12 2{day food records taken over a 6{month period, and then followed by a nal food frequency questionnaire. The sample size was n = 158. The mean caloric intake in the rst and last food records was 2,658 and 2,464
respectively (this appears to be a statistically signi cant di erence, but the paper cited above does not contain su cient information to perform a paired comparison). Hence, in this study there are also overall time trends in the measurements.
It can be shown that if there are systematic trends in the means or in the variances of the errors, then the method of Freedman et al. (1991) yields inconsistent estimates of the slope. For this reason Freedman et al. (1991) eliminated the baseline data from their analysis. Our main purpose in this paper is to present modi cations of their estimator that can cope with systematic time e ects such as seen in either of the examples discussed above.
In x2, we describe the method of Freedman et al. (1991) , and show that in the Women's Health Trial data, whether or not one keeps the baseline food records has an important e ect on the slope estimates. In x3 , we describe a speci c set of possible time trends and construct a consistent slope estimate in the presence of such trends. In x4 we study the e ect of trend adjustment using the Women's Health Trial data, concluding that the baseline measures di er from the others in ways more complex than described by our models. The asymptotic distribution theory of the regression parameter estimate and a consistent estimate of its covariance matrix are described in the Appendix.
The Estimator of Freedman et al.
Model ( proximal food record and questionnaire intakes and
the average nutrient intake for the population. We are assuming that cov(r i ; ij ) = cov( ij ; ij 0 ) = cov(u ij ; u ij 0 ) = cov( ij ; u ij 0 ) = 0 when j 6 = j 0 .
Hence, b (OLS) is inconsistent. Fuller (1987) and Freedman et al. (1991) de ne a corrected consistent estimator as follows: variance of a food record intake about its long term mean. By intraindividual covariance, we mean the within{individual covariance of a questionnaire intake and a proximal food record intake.
In Freedman et al. (1991) , it is assumed that the within-individual replicates have means and variances which are constant in time. In the remainder of this paper we will describe methods for relaxing this assumption.
Adjusting for Baseline Data Using Mean and Variance O sets
In this section, we propose estimates that allow for time trends. Our approach is to \adjust" the data to achieve constant means and variances across time. The model thus consists of two components, a mean shift and a variance shift.
We will allow the population means to shift in time. Estimation of Mean Shift: In order to make (3.1) identi able, similar to the analysis of variance we must impose some restriction (reparameterization) on the mean shifts. This is just a technical way of saying that if there are time trends in the means, it is not possible to de ne which observations are \correct" and which have been \shifted". All of the methods of imposing identi ability lead to identical estimates of the slope 1 , and from this perspective any method will do. Unfortunately, what Freedman, et al. (1991) call \bias", the regression of fY ? E(X)g on fX ? E(X)g, is inherently nonidenti able, because the di erent methods of reparameterization lead to di erent estimates of \bias". The most natural method is to set the mean of the shifts equal to zero, although even this de nition of \bias" can change if an additional food frequency questionnaire or food record becomes available.
Because of these considerations, we have opted to set the overall means of the 's and 's equal The limit distribution and a formula for the estimated covariance are given in the Appendix.
A Reanalysis Using the Adjusted Estimator
In this section we apply the methods developed in x3 to the Women's Health Trial data.
That food records have substantial intraindividual variability is illustrated by Figure 1 , where we have plotted the last two food record values of % Calories from Fat for 13 study participants.
The between and within variances are approximately the same in these data.
That there is a need to consider intraindividual correlation between the errors of questionnaires and food records is illustrated for % Calories from Fat in Figure 2 . Here we have plotted the di erence between the last two food frequency questionnaires (y{axis) and the di erence between the last two food records (x{axis). If there were no intraindividual correlation, we would expect these di erences to be unrelated. However, Figure 2 shows a clear trend. Tables 1 and 2 , the means for the 12 and 24 month questionnaires are (37.6,36.7) for % calories from fat, (7.26,7.19) for log(1 + calories), (5.06,5.03) for log(1 + carbohydrates), (4.15,4.06) for log(1 + protein) and (3.00,2.88) for log(1 + saturated fat). The variances for the 12 and 24 month questionnaires are (71.7,65.5) for % calories from fat, (.096,.101) for log(1 + calories), (.098,.115) for log(1 + carbohydrates), (.086,.087) for log(1 + protein) and (.204,.224) for log(1 + saturated fat).
In comparison to
The results we will describe di er from those of Freedman et al. (1991) because in our analysis, we have deleted some subjects with outlying values. Table 3 shows the results of performing the analysis of Freedman et al. (1991) with and without baseline data. It is clear from this table that across all six of our nutrient intake variables, deleting the baseline data has the e ect of decreasing the estimate of 1 which in turn increases the apparent underreporting.
The results of using the method of x4 are summarized in Table 4 , where the superscripts i; o and a denote estimates with baseline, without baseline and using our adjusted analysis, respectively.
In this example, except for protein, the adjusted estimates essentially split the di erence between deleting baseline entirely and including baseline but not adjusting for time trends. While the adjusted estimate did not totally replicate the e ect of deleting the baseline, one should note that the signi cance levels are sometimes very di erent from an unadjusted analysis, especially in the analysis for saturated fat.
The e ect of ignoring the intraindividual correlation of food records and food frequency questionnaires can be severe. For example, when considering log(1+calories) and using the 6, 12 and 24 month data, our estimate of slope is 0.67. If we had ignored the intraindividual correlation, the estimate of slope changes to 0.94. 
Discussion
The problem of estimating regression parameters in the errors-in-variables model (1.1) is of speci c interest in dietary studies, but is also applicable in other contexts. We have proposed a methodology which allows for systematic time trends in the measurement process, speci cally (i) that the population mean levels change over time; and (ii) the population variance levels have a single change. The estimator is easy to compute and in the Appendix we have provided a formula for constructing standard errors.
Method of moments estimates such as we have proposed are highly nonrobust to outlying values. When no time trends are in evidence, Carroll et al. (1993) have proposed robust estimators of the regression parameters. We are pursuing generalizing their work to our context.
To estimate measurement error variance and intraindividual covariance, our methods require replicated food records and replications of questionnaires and food records measured proximally in time. A problem occurs when only one observation of proximally measured food records and questionnaires is available. In this case we modify our estimate of intraindividual covariance as follows:
The use of this rede ned estimate of b u ;i has an e ect on the limit theory discussed in the Appendix. A new theory has been derived using previous results but are not included in this paper. It is interesting to note that the asymptotic distribution is not a ected by the estimation of the mean shifts.
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ABSTRACT
In measuring food intake, three common methods are used: 24{hour recalls, food frequency questionnaires and food records. Food records or 24{hour recalls are often thought to be the most reliable, but they are di cult and expensive to obtain. The question of interest to us is to use the food records or 24{hour recalls to examine possible systematic biases in questionnaires as a measure of usual food intake.
In Freedman, et al. (1991) , this problem is addressed through a linear errors in variables analysis. Their model assumes that all measurements on a given individual have the same mean and variance. However, such assumptions may be violated in at least two circumstances, as in for example the Women's Health Trial Vanguard Study and in the Finnish Smokers' Study. First, some studies occur over a period of years, and diets may change over the course of the study. Second, measurements might be taken at di erent times of the year, and it is known that diets di er on the basis of seasonal factors.
In this paper, we will suggest new models incorporating mean and variance o sets, i.e., changes in the population mean and variance for observations taken at di erent time points. The parameters in the model are estimated by simple methods, and the theory of unbiased estimating equations (M{ estimates) is used to derive asymptotic covariance matrix estimates. The methods are illustrated with data from the Women's Health Trial Vanguard Study. 
